Snoring is common in people with obstructive sleep apnea (OSA). Although not every snorer has OSA or vice-versa, many studies attempt to use snoring sounds for classification of people into two groups of OSA and simple snorers. This paper discusses the relationship between snorers' anthropometric parameters and statistical characteristics of snoring sound (SS) and also reports on classification accuracies of methods using SS features for screening OSA from simple snorers when anthropometric parameters are either matched or unmatched. Tracheal respiratory sounds were collected from 60 snorers simultaneously with full-night Polysomnography (PSG). Energy, formant frequency, Skewness and Kurtosis were calculated from the SS segments. We also defined and calculated two features: Median Bifrequency (MBF), and projected MBF (PMBF). The statistical relationship between the extracted features and anthropometric parameters such as height, Body Mass Index (BMI), age, gender, and Apnea-Hypopnea Index (AHI) were investigated. The results showed that the SS features were not only sensitive to AHI but also to height, BMI and gender. Next, we performed two experiments to classify patients with Obstructive Sleep Apnea (OSA) and simple snorers: Experiment A: a small group of participants (22 OSA and 6 simple snorers) with matched height, BMI, and gender were selected and classified using Naïve Bayes classifier, and Experiment B: the same number of participants with unmatched height, BMI, and gender were chosen for classification. A sensitivity of 93.2% (87.5%) and specificity of 88.4% (86.3%) was achieved for the matched (unmatched) groups.
INTRODUCTION
Snoring is a very common disorder mostly associated with obstructive sleep apnea (OSA) syndrome. Overall, 20% -40% of the general population snore during sleep [1] . By age of 60, snore prevalence increases to 60% in male and 40% in female gender [2] . Although, not every snorer may have OSA (the so-called "simple snorers") and not everybody with OSA may snore, yet snoring is considered as a major sign of undiagnosed OSA [3] . Thus, many studies attempt to use snoring sounds for classification of people into two groups of OSA and simple snorers. This paper discusses the relationship between snorers' anthropometric parameters and statistical characteristics of snoring sound (SS), and also reports on classification accuracies of methods using SS features for screening OSA from simple snorers when anthropometric parameters are either matched or unmatched.
Most of the signal processing techniques used for SS analysis, such as autocorrelation/autocovariance function [4, 5] , power spectrum density (PSD) [3, 6] , and autoregressive (AR) modeling [3, 4] are based on the assumption that a linear model can represent SS and also that the signal-generating process is Gaussian Furthermore, these 2 nd order statistical techniques do not analyze the information contained in the signal's phase. (Note that, henceforth, the terms linear, nonlinear, Gaussian, and nonGaussian signal/segment are being used interchangeably with linear, non-linear, Gaussian, and non-Gaussian signal-generating process).
If the signal of interest, i.e. snoring sounds, violates one of the above assumptions, one should take into account an alternative technique. Higher order statistics (HOS) techniques reveal information on not only amplitude of a signal, but also its phase. Furthermore, if a nonGaussian signal is received along with additive Gaussian noise, a transformation to higher order cumulant domain would be blind to the noise; hence, achieving a cleaner estimate in noisy environments. Thus, the bispectrum and bicoherence can efficiently reveal and quantify any nonlinear relationship among the harmonic peaks (such as phase coupling) [7] .
HOS analysis has been used as a tool for screening OSA among snorers [8, 9] . However, the effect of anthropometric differences among individuals on snoring sound analysis has not been addressed adequately in the past, while their effect on the accuracy of OSA classification among snorers could be significant. The main objectives of this study were: 1) to investigate how the anthropometric parameters change the snoring sounds, 2) to determine the HOS measures that present significant sensitivity to OSA and other anthropometric changes among individuals, and 3) to investigate the effect of unmatched anthropometric parameters on classification accuracy for screening OSA among snorers. Since many researchers have used the SS features for OSA identification, it is important to investigate whether the same features are also sensitive to anthropometric parameters, i.e. weight, height, gender, etc., among different people. It is important because if they are sensitive, then it implies the classification accuracy might be partly due to unmatched groups in terms of anthropometric parameters. To achieve the above objectives, we investigated the relationship between spectral and HOS features of SS segments and anthropometric parameters as well as the Gaussianity and linearity properties of the SS. We derived two new features called Median Bifrequency (MBF) and Projected Median Bifrequency (PMBF), and also calculated skewness, kurtosis, 1 st formant frequency, and energy of the SS segments. Then, we investigated the statistical relationship between these features and anthropometric parameters using Kendall's Tau-b test [10] and Kruskal-Wallis Analysis of Variance (KWAV) [11, 12] . Lastly, we ran a Naïve Bayes classifier [13] on the features to examine the feasibility of OSA screening using both HOS and common spectral features. For this part of the study, we selected two subsets of the participants: one with matched anthropometric parameters between the OSA and simple snorer groups and the other one with unmatched anthropometric parameter between the two groups.
METHOD

Data Recording
Data for this study was adopted from our previous study [14] . Out of the 68 participants of that study, data of 60 individuals (15 females, 51.5 ± 11.6 y), who were snorers, were selected for this study. The study was approved by the Ethics Board of the University of Manitoba prior to data collection. Data were recorded simultaneously with full-night Polysomnography (PSG) at the Health Science Center, Winnipeg, participated. The respiratory sounds of the participants were collected by a miniature microphone (ECM-77B) placed over the suprasternal notch of trachea and secured by double adhesive tape and a soft neck band, and were digitized at 10,240 Hz sampling rate. The bit depth was 24. The participants' anthropometric information of this study is shown in Table  1 . The AHI value of each participant was determined by the PSG study scored by the sleep lab technicians.
As known, the respiratory sounds of a snorer consist of breath, loud vibratory sounds (perceived as snore by humans), and/or small segments of silence [5] . We call the part of respiratory sound containing snore (or loud vibratory sounds) as SS segment. The length of each SS segment varies within and between the subjects.
The automatic algorithm proposed in our previous study was used to extract the SS segments in a semiautomated manner [15] . An example of the selection method is as the following: the PSG data provided information about the time (e.g. 3:00 -3:45 am) when the patient X was snoring (snoring interval). Given this information the snore detection algorithm proposed in Ref. [15] was run either on the entire interval (if <15 minutes) or on a 15-minute interval (if >15 minutes). The snoring intervals shorter than 5 minutes were neglected. Although the method's accuracy was over 98%, to ensure 100% accuracy of SS segments, all of the detected SS segments were validated by visual (spectrogram) and auditory means, and the misclassified cases were removed.
Overall 24214 of SS segments from all patients were analyzed, which on average corresponded to 10.1 ± 4.2 min of snoring per patient. The average number of SS segments per individual was 462 ± 271. Most (99%) of the extracted snoring sounds occurred during inspiration. The extracted SS segments for each patient were used to estimate the bispectrum and derive the desired features. Figure 1 shows an extracted SS segment along with its spectrogram. It should be noted that the bispectral analysis was only performed on the SS segments. 
Higher Order Statistics (HOS)
Assume that   s n is an extracted SS segment (in general a random process).
The key assumption underlying the HOS analysis is that the process   s n is stationary in some sense [7] . Snoring sounds are non-stationary in nature [3] . Hence, all the HOS measures such as bispectrum and bicoherence should be calculated on a short time-windowed version of the signal to ensure stationarity (wide-sense) of the SS segments.
Definition of Bispectrum and Bicoherence
The 2 nd , 3 rd and 4 th order cumulants of a zero-mean stationary process are defined by: 
where represent the PSD and bispectrum, respectively. Note that the PSD is real valued, nonnegative, and a function of one variable (discrete frequency, f ). On the other hand, the bispectrum is a function of two variables (discrete bifrequencies, f 1 , f 2 ) and has complex values. Bicoherence is another useful statistic measure, which is defined as [7] :
A linear and stationary random process,   s n , can be represented as the output of a linear system (impulse response:   h n ) excited by an independent and identically distributed (iid) noise, . The power spectrum and bispectrum of the output (   e n   s n ) can be simplified as:
and therefore bicoherence will be constant as:
where   e n is an iid noise with zero mean, variance 
 
h n Equation 8 shows that for any linear signal, squared bicoherence is constant and independent of the bifrequencies (f 1 , f 2 ). If the squared bicoherence is zero, signal   s n is Gaussian or non-skewed with a symmetric distribution because 3  or equivalently skewness is also zero [7, 17] .
We used the Hinich's method to test for non-skewness (loosely called Gaussianity) and linearity of the SS segments [17] . First, we tested the Gaussianity hypothesis (H: the bispectrum is zero). If H holds the process is Gaussian; hence, signal generating process is linear. Otherwise, the process is non-Gaussian and needs to be tested for its linearity. If the bicoherence is constant, the process is linear, otherwise, it is nonlinear. This procedure was repeated for all SS segments and all body positions.
Bispectrum and Bicoherence Estimation
In practice, the number of sound samples is finite; hence, the HOS measures need to be estimated from available data. The bispectrum of the signal   s n , can be estimated using direct or indirect approaches. In this study, the direct approach [7] , which is an extension of the Welch technique for power spectrum density estimation, was used to estimate the bispectrum in the following steps:
1) The signal  , s n is divided into K overlapping segments, each of length M. Let the k th segment of
. It is worth noting that for snoring sound analysis, we used 80 ms time windows (M = 820) with 50% overlap to ensure the stationarity assumption.
2) Calculate the zero-mean signal of each segment as:
3) Multiply the zero-mean signal by the Hanning window, , to control the effect of spectral leakage.
4) Compute the discrete Fourier transform (DFT) of each segment:
The raw bispectral estimate ( ) can be calculated as:
where l, m are the discrete frequencies.
5) The consistent estimate of bispectrum ( ) can be obtained by averaging raw estimates over all segments.
Consequently, the squared bicoherence can be derived from bispectrum as below [18] :
The discrete bispectrum has many symmetries in plane. It is only needed to calculate
, B l m in the non-redundant region or principal domain (D) which is defined as:
are the bifrequencies (in Hertz) correspondent to the normalized bifrequencies   , l m .
Feature Extraction
Suppose that we estimated the bispectrum (   
If YES, end the algorithm and   
1 st Formant Frequency and Energy
Energy (E) and first formant frequency (F 1 ) were obtained from each SS segment. Linear predictive coding (LPC) [21] was used to estimate F 1 . To meet stationarity assumption,   s n was divided into 80 ms overlapping frames (50% overlap and Hanning window). In each frame, the autoregressive (AR) model of the signal was estimated and the roots of AR model were calculated. To select the AR model order, we used the optimum order model (optimum order = [22] . Therefore, we selected an AR model of 14 to estimate first formant frequency of each frame. F 1 was estimated by taking median over all frames.
Calculation of Features
As mentioned in the Section 2.1, the number of SS segments is different for each patient. Let us denote SS th i segment of patient X by , 1, . ,
were calculated resulting in a finite number of observations for each feature. Then, the sample median of each feature set was estimated. In fact the followings were calculated for patient X:
.
This procedure was repeated for all 60 individuals yielding a matrix for MBF feature and a 60 2  60 1  vector for PMBF, energy, 1 st formant frequency, skewness, and kurtosis features. The reason we used median instead of mean is the insensitivity of median to outliers; it is known that when the data is not symmetrically distributed, the median outperforms the mean in measuring the middle range of data [23] . Figure 2 shows the sample density of , and estimated by [24] . As shown in Figure 2 , the data is skewed; therefore, the median is a better estimate of the middle range of the data than the mean value in this case.
Statistical Analysis
To investigate the effect of anthropometric parameters such as age, gender, height, BMI, and AHI on the features, we ran statistical tests assuming the significance level as . Since the distribution of the features deviated from normal distribution, the Kendall's Tau-b test (nonparametric counterpart of Pearson correlation) [10] was used to measure the correlation among continuous anthropometric parameters and HOS features. The one-way KWAV [11, 12] was also used to compare the median of features between men and women. 0.05 p 
Classification
Naïve Bayes classifier [13] was used to evaluate the ability of our feature set to discriminate the subjects to snorers with OSA and snorers without OSA or the so called "simple snorer" groups. Particularly, we were interested to compare the ability of SS features to be used as a signature of OSA when the groups of OSA and non-OSA were matched (Experiment A) and unmatched (Experiment B) in terms of anthropometric parameters.
Therefore, we performed two experiments: Experiment A: We selected a subset of our database including 22 apneic and 6 simple snorers that were matched in terms of gender, BMI, height and AHI. Experiment B:
Another subset with the same number of participants (28 including 21 apneic and 7 simple snorers) with unmatched anthropometric parameters was used for classification. Table 2 shows the anthropometric profile of both experiments.
We used the energy, 1 st formant frequency, MBF, PMBF, skewness, and kurtosis as our features for linear discriminant analysis. Several combinations of the features were examined and the performance was evaluated using the Leave-One-Out Cross-Validation (LOOCV) technique [25, 26] . The LOOCV is a common technique when the number of observations (subjects in this case) is relatively small; it helps to prevent over-fitting. In the LOOCV, one observation is used as testing set and the rest [27] is used as training set. This procedure is repeated for all observations [28] and the average performance is measured. It is worth noting that the Euclidean metric was used to compute the distance. 
RESULTS AND DISCUSSION
It is known that if a signal is non-Gaussian, the 2 nd order statistical techniques are only able to extract partial information from the signal [7, 8] . Therefore, we used HOS measures to develop new features such as MBF and PMBF from existing data. We also extracted common HOS features such as skewness and kurtosis from the SS segments. It was found that there was a significant relationship between frequency based features such as 1 mp f , 2 mp f , and p f and all anthropometric parameters except age. As shown in Table 3 , four out of five anthropometric parameters (height, BMI, AHI, and gender) significantly affected the HOS features of the SS segments, while gender and BMI were significant parameters affecting energy and first formant features.
All SS segments were found to be non-Gausssian, while their linearity varied during the night. In fact, for each patient, there existed some linear SS segments as well as some non-linear ones. We also noticed that the linearity of the SS segments varied among different body positions within each subject. However, this result was not consistent among all subjects. Furthermore, not everybody slept and/or snored in all positions.
It was shown that the body position during sleep changes both duration and intensity of snoring sounds [27] . However, we did not find a consistent and significant relationship between the sleeping position and the change in the linearity of snoring sound generating process.
The height of individuals was observed to be a significant factor influencing the value of (p < 0.05). There was a negative relationship between height and these frequency related features. The taller the individuals, the lower frequency components were in their snoring bispectrum. The height has been shown to affect the tracheal sound spectral features [28] . It was reported that the tracheal sounds in children had higher frequency components than in healthy However, in general, we did not find a consistent and significant relationship between the sleeping position and the change in the linearity of snoring sound generating process; the results in the population of our study were variable between the subjects. However, the lack of finding a general pattern of such relationship could be partially due to lack of snoring data in all different sleeping positions in our study. Experiment A: The OSA and apneic groups were matched for gender, BMI, and height parameters; Experiment B: The OSA and apneic groups were not matched for gender, BMI, and height parameters. adults. In another study [29] , it is shown that the anatomy of the trachea determines the characteristic features of tracheal sounds. However, there was no study confirming the change in the features of SS segments due to the height. Based on our findings, the MBF and PMBF features of the extracted SS segments are negatively related to the height of individuals. (p < 0.01) as well as F 1 (p < 0.05). They were negatively correlated meaning that the higher the BMI, the lower were the values of p f , 1 mp f , and F 1 . As known, obesity is a factor strongly associated with the presence of OSA [30] . Obese individuals with sleep apnea have been shown to have more (about 42%) fat in their cervical region than normal subjects as well as non-obese individuals with OSA [31] ; thus, resulting in pharyngeal area narrowing. It is also known that higher BMI is associated with increased level of leptin (a hormone produced by the adipose tissue and has also actions on the respiratory centre control) [32] . Therefore, our observed changes in the acoustical properties of the SS segments due to BMI can be explained by both anatomical and hormonal changes of the upper airway.
It was also found that AHI and gender were significantly correlated with energy and frequency-based HOS features of the SS segments. As shown in Table 3 , the individuals with higher AHI had lower frequency-based features ( p f and 1 mp f ) (p < 0.05) and higher energy (p < 0.01). The female snorers of this study were observed to have higher frequency-based features ( p f and 2 mp f ) (p < 0.05) and lower energy feature (p < 0.05) than the male snorers. Although there was no study investigating the gender effect on the snoring sounds, this observation is congruent with findings reported in two studies focused on breath and lung sounds [33, 34] . According to those studies, breath and lung sounds in healthy women contain higher frequency components than in men. It has also been shown that men have higher pharyngeal and supraglottic resistances than women [35] . Therefore, given that the size and mechanical properties of pharynx are significantly different between men and women [36] , the snoring sounds of women and men can be expected to be significantly different as the results of our study indicate. Moreover, these might be also a reason for greater incidence of OSA in men [35, 36] .
Two of the frequency-based HOS features ( f . In fact, the difference between the bispectral information of the two sets of SS segments is well extracted using 2-D MBF feature which is an advantage of bispectral analysis.
One important point is that these frequency changes due to small changes in the airway size may not always be detectable by spectral analysis of the sounds. However, as known, HOS techniques complement the information obtained from 2 nd order statistical techniques, i.e. power spectral analysis. Hence, we propose using a combination of HOS techniques and conventional acoustical techniques increases the diagnosis accuracy of OSA. In this paper, we tried to verify this point by applying a simple classifier to our feature set. We partitioned our database into two sets to compare two scenarios, one when the height, gender, and BMI are matched between the two groups of snorers with OSA and simple snorers, and the other one when those parameters are not matched. We observed an increase in the accuracy of classification when the parameters were matched. Table 4 illustrates the results of classification. Several combinations of features were used as input to the naïve Bayes classifier. Results demonstrate that the highest sensitivity and specificity occurred when a combination of both conventional feature (Energy) and HOS feature set ( 1 mp f and skewness) was used. This combination resulted in sensitivity of 93.2% (87.5%) and the specificity of 88.4% (86.3%) for experiment A (B). As shown in Table 4 , for experiment A, the sensitivity and specificity Copyright © 2012 SciRes.
OPEN ACCESS values for only HOS features were 75.9% -94.1% and 74.6% -81.9%, respectively. On the other hand, using only energy and formant frequency resulted in a sensitivity and specificity of 78.2% and 72.1%, respectively. As expected, overall, the sensitivity and specificity decreased when an unmatched subset was used for classification.
To compare our work with a recently published work [9] , we matched the anthropometric parameters of snorers with OSA and simple snorer groups. Moreover, our recordings were performed using a microphone placed over trachea. Therefore, our recorded sounds have a higher signal to noise ratio than those recorded by an ambient microphone. We also improved the sensitivity and specificity of OSA diagnosis among snorers by simultaneous usage of HOS and conventional features. However a major difficulty in our study was to find a larger population with matched anthropometric parameters to validate the results of our analysis. This limitation was partially resolved by using LOOCV which performs well when the population size is relatively small.
CONCLUSION
In this study, the relationship between anthropometric parameters of 60 snorers and the 3 rd and 4 th order statistical features derived from the SS segments were investigated.
In summary, we developed two new frequency-based HOS features from the non-Gaussian SS segments, and investigated statistical correlation of these features along with the zero-lag HOS features with different anthropometric parameters. An important contribution of the statistical investigation is on the application of snoring sound for OSA identification among snorers. Since the common features of snoring sounds used in classification are sensitive to anthropometric parameters, the results of classification is reliable only when the two groups of apneic and controls are matched for those parameters.
When HOS features were used in the classification of the apneic group, the results have shown improvement compared to those of previous studies. The HOS features may also be used (under investigation) to find the site of obstruction in upper airway, and cluster the SS segments based on their production mechanism.
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